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Abstract
As the production of biofuels increases to meet the demands of a growing low carbon
economy, questions of sustainability surrounding its feedstock and waste streams have
become increasingly relevant. In the biofuel production process, crop residues like corn
stover are harvested from the field and converted to biofuels leaving generating a residue
called high lignin fermentation byproduct (HLFB). From extensive process modelling in
the literature, it is suggested that HLFB should be either combusted to fuel auxiliary
conversion processes or returned to the soil in place of the crop residues that were
harvested. Currently, there is little literature testing the actual impacts of HLFB return to
the soil. This thesis serves as a first step in a larger project to provide the second ever
non-modelling experimentally based results of HLFB return. In particular, this thesis
serves as the base case of HLFB return comparisons ie. what happens to soil organic
carbon content when corn stover is not harvested and left on the field. This thesis
documents soil incubation experiments in which a Palouse soil and two sizes of corn
stover are incubated over the course of 89 days and ongoing. Carbon flux and the amount
of carbon respired are measured throughout the incubation period in order to ascertain
how much carbon is left in the soil and how much carbon is respired by the microbial
biomass in the soil. Additionally, mathematical models were applied to the data collected
to set up future experiments for long term observation. Results indicated that the corn
stover treatments retained approximately 93% of their soil organic carbon content, carbon
respiration rate is significantly affected by moisture content, particle size is not a
significant determinant of carbon respiration, and finally that a two pool parallel model
fits the decomposition of the corn stover the best. Thus, experimental best practices were
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successfully established in this thesis and will be used and improved upon in future work
on this topic.
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Introduction
This thesis is a first foray into the concept of soil incubations with biofuel residues. This
effort is part of a Thayer School, Dartmouth College and Penn State University
collaboration to culminate in a Masters of Science thesis in 2022. In the context of this
larger project, specifically, this thesis’s goal is to establish best practices for lab
procedures, modelling techniques, and parameter testing to be used in the following year
on a wide array of biofuel residues. Broadly, this project endeavours to support the
production of liquid biofuels by providing laboratory evidence that biofuel residues,
specifically high lignin fermentation byproduct (HLFB) can be returned to the soil in
which they grew from to great success. The overall questions driving this project are:
What happens to soil organic carbon levels if HLFB is returned to the soil? Broadly, is
soil health improved by the return of HLFB?

To address these questions, soil incubation experiments were carried out. To ascertain
how much carbon remains in the soil as a function of particle size, material type, and
water content, achievable in the laboratory are observations of carbon loss through
incubations. Over the course of three months, a discernible decline in decomposition rate
can be observed. Commonly, this is understood to be due to a decrease in material as
microbes act upon organic material. The source of the carbon released is thus from both
the broken down organic matter and the organics present in the soil itself. Thus, to
discern what is the effect of the soil versus what is the effect of the organic matter, this
difference must be adjusted for. Graphically, this data can be fit to models to predict
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longer term soil dynamics in order to test the various parameters affecting this respiration
rate.

Background
Literature Review
The transportation industry is the largest source of greenhouse gas (GHG) emissions in
the United States and the fastest-growing source of emissions worldwide (Wang and Ge
2019). While electric vehicles are a low-carbon option for passenger cars, a large portion
of the transportation industry including aviation, ocean shipping, and long-haul trucking
are difficult to electrify. Thus, developing low-carbon solutions for this particular sector
are of the utmost importance as it represents half of the global transportation energy
demand and half of its source of emissions (Fulton et al. 2015). In the IPCC’s report on
mitigation pathways compatible with a 1.5 degree Celsius increase in global
temperatures, ramping up production of liquid biofuels was identified as urgently
necessary (Tyner 2008). Specifically, the IPCC identified biofuels derived from cellulosic
biomass as the key in achieving the ambitious carbon reduction goals set in the
transportation industry (Rogelj et al., n.d.). However, since the inception of cellulosic
biofuels, development has faced many challenges including uneven economic and
governmental support and on the process side, high costs of conversion and concerns
over the sustainability of its feedstock supply, feedstock being the raw cellulosic biomass
used to create biofuels (Lynd 2017).
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Cellulosic biomass feedstocks include agricultural residues like corn stover, sugarcane,
sorghum; forestry residues; municipal solid waste; industrial waste; and specifically
grown agricultural energy crops (Tong, Pullammanappallil, and Teixeira, n.d.). The term
cellulosic biomass refers to the structural, or “woody” parts of plants which consist of
complex sugars that cannot be directly used for food or fermentation substrates. It
consists of three main components: cellulose (38-50%), hemicellulose (23-32%), and
lignin (15-25%), interwoven molecules that make up the cell wall of the plant (Tong,
Pullammanappallil, and Teixeira, n.d.). When the cell wall is broken down through
biological, chemical, and physical processes, simple sugars are released. These sugars
can then be fermented by bacteria into ethanol, a primary constituent in most biofuels.

The cellulosic bioethanol production process consists of four basic steps: 1) pretreatment,
2) enzyme hydrolysis, 3) fermentation, and 4) distillation. Pretreatment processes are a
method by which ethanol production is made more efficient and less costly having now
become generally accepted as part of future best practices at industrial scale biofuel
refineries (Galbe and Wallberg 2019). Pretreatment consists of partially removing the
lignin and hemicellulose parts of cellulosic biomass, which block the cellulose inside the
cell wall in order to make the cellulose more susceptible to being broken down in the next
step (Tong, Pullammanappallil, and Teixeira, n.d.). In a review of state of the art
pretreatment techniques, dilute acid hydrolysis has been identified as a leading
technology due to its high recovery rate of hemicellulose sugars (Yang and Wyman
2008). Additionally, this process coupled with a steam explosion technique can result in
even higher rates of recovery. Further along in the bioethanol production process, other
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efficiency increasing processes exist including “cotreatment,” a technique pioneered at
Thayer (Lynd 2017). Cotreatment refers to milling during the third step of ethanol
fermentation, which, when coupled with consolidated bioprocessing using thermophilic
bacteria, also greatly increases ethanol yields (Lynd et al. 2017).

Regardless of the “treatment” of the cellulosic biomass, there is always some amount of
residue left over from the production process. Referred to as the high-lignin fermentation
by-product (HLFB) in this paper, HLFB is the solid residue present after fermentation in
biologically-mediated production of cellulosic biofuels (Johnson et al. 2007). This
residue’s chemical composition depends significantly on both the feedstock and
treatments endured during the bioethanol production process. For example, a giant reedderived HLFB consists of only 40% lignin versus a corn stover-derived HLFB, which
consists of 70% lignin (Cotana et al. 2014; Johnson et al. 2003). HLFB has been of
interest in recent literature as scientists have looked to mass production of biofuels,

Most commonly, HLFB has been envisioned as fuel for combustion in energy conversion
processes and as an additive to plastic products, both representing non-circular uses of
HLFB since the material is not returned to the soil (Pang et al. 2020; Humbird et al. 2011;
Liu et al. 2019). In Figure 1 from Pourhashem et al., 2013, three HLFB usage scenarios
are shown. Of particular importance to this thesis is part (a) of the figure which shows
HLFB being returned to the soil.
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Figure 1.
Figure is from Pourhashem et al.,
2013 (Pourhashem et al. 2013).
Shown are three various usage
scenarios of HLFB. Part (a) shows
HLFB, termed “Lignin
Byproduct,” being returned to the
land in which it grew originally.
Part (b) shows HLFB being
transported to an outside power
plant and being combusted with
coal to generate electricity.
Finally, part (c) shows HLFB
being combusted for a local power
generation cycle that generates
steam and electricity for the
biorefinery to use.

Crop residues and HLFB when applied to soil add to the soil organic matter (SOM).
SOM is critically important to regulating the global carbon cycle as SOM contains more
than three times as much carbon as both the atmosphere or terrestrial vegetation (Schmidt
et al. 2011). Thus, maximizing SOM’s potential for carbon sequestration is of the utmost
imperative in keeping with a low-carbon future. From recent literature, this can be
achieved through practices also associated with increasing soil health and the various
ecological properties associated with it (Schmidt et al. 2011). Improved soil health
includes various characteristics like recycling plant nutrients, sequestering soil carbon,
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improving soil structure, enhancing activity of soil fauna, controlling effects of water in
soil, and sustaining agronomic productivity (Lal 2009). The USDA natural Resources
Conservation Service defines soil health as the “continued capacity of soil to function as
a vital living ecosystem that sustains plants, animals, and humans” (Rejesus et al. 2021).
In a review of global soil studies, Lal et al. (2009) showed that harvesting crop residues
for bioethanol production has an adverse effect on soil health (Lal 2009).

Figure 2.
Figure is from Lal, 2009. Figure
depicts the critical role crop
residues play as surface mulch in
promoting soil health. Crop
residues affect the surrounding
environment’s biosphere,
atmosphere, pedosphere, and
hydrosphere.

As explained in Figure 1. from the Lal, 2009 paper, adverse soil health effects are due to
crop residues being a key input to soil in moderating water and energy balance, buffering
against erosive forces by water and wind, recycling plant nutrients, and serving as food
and habitat for soil organisms. Crop residue removal is effectively the removal of a
protective layer of mulch from sensitive soils which can affect soil processes through
alterations of microclimate, soil moisture, and temperature regimes, water and solute
transport, and erosional processes (Lal 2009). As the NRDC writes on the topic of corn
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stover removal (a common crop residue), “... excessive stover removal (or any removal at
all on many corn acres) harms the soil, increases erosion, leads to water pollution,
increases nutrient applications and pollution, and can reduce the amount of carbon
sequestered in soil organic matter” (Kemp 2015).

As of this thesis’s publication, there has only been one paper written documenting
laboratory scale soil incubations with HLFB (Johnson et al. 2007). However, the idea of
returning HLFB to soil is not new and has already been explored in papers on
mathematical process modelling of HLFB (Lal 2009; Pourhashem et al. 2013; Adler et al.
2015; Humbird et al. 2011). The literature thus overwhelmingly suggests that returning
HLFB to the soil can provide a host of benefits to soil health including decreasing
erosion, maintaining soil organic carbon, and decreasing nutrient application. (Lal, 2009;
Adler; Johnson et al.). In Johnson et al., soil incubation experiments were conducted with
both corn stover and HLFB under varying temperature and soil type conditions (Johnson
et al. 2007). The corn stover was ground through a 4-mm sieve to a particle size
comparable with HLFB, minimizing differences in decomposition due to particle size.
The HFLB was acquired from experimental cellulosic corn stover fermentation
conducted at the National Renewable Energy Laboratory. Comparable to its corn stover
feedstock, the HLFB had a greater concentration of lignin and N, but a lower
concentration of cellulose and hemicellulose (Johnson). The authors were not clear about
which pretreatment process it underwent. Soil health was quantified using humic acid
concentration, a corollary with stable soil carbon, and water stable aggregates as metrics.
Results indicated that the application of HLFB, particularly at high rates, increased the
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number of water-stable aggregates, water retention, and humic acid concentrations in
both soils thus suggesting that HLFB when added to soil can improve soil health.
However, humic acid concentration is no longer supported as a proxy for stable SOM as
it is likely a byproduct of the acid extraction method and not an actual molecule found in
soils in situ (Gerke 2018).

In the Johnson et al. incubation, the HLFB was identified as having a slower
decomposition rate than the corn stover suggesting that HLFB amendments might have a
higher potential for carbon sequestration compared to corn stover, which would make the
return of HLFB a sustainable way to close the loop of biofuel production (Johnson et al.
2007). Both soil types were silty loams with similar C:N ratios, and so the effect of
adding HLFB was similar with only a slight variation in response rate. In addition to their
incubations, Johnson et al. conducted a plant experiment planting various crops in the
amended soils. Interestingly, plant growth was constant despite the various amendments
suggesting: a) That either the rate of application to the rate of plant growth was too low
and/or b) the HLFB was not an appreciable source of plant available nutrients.

Among techniques to describe soil carbon evolution, conducting laboratory scale soil
incubation experiments as a basis for computer modelling remain popular among
contemporary researchers (Bernal et al. 1998; Smith et al. 2014; Schädel et al. 2020; Y.
Luo et al. 2017; Manzoni and Porporato 2009). Various soil models have been developed
to estimate parameters of carbon pool sizes and decomposability from laboratory
experimental data. When applied to data collected from soil incubation experiments, the
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models can be used to predict long-term decomposition behavior relatively well (Schädel
et al. 2020).

However, a consideration that has gained recent traction in the soil science community is
the idea of soil priming which can significantly affect incubation results. Soil priming
refers to short-term changes in the turnover of soil organic matter caused by moderate
treatments of the soil. Evidence of the priming effect consists of large amounts of C, N,
and other nutrients released from the soil in a very short time, generally at the beginning
of laboratory incubations (Kuzyakov, Friedel, and Stahr 2000). The primary mechanism
behind priming has been identified as the increased amount of microbial biomass and
therefore increased microbial activity. Corn stover in particular induces more of a
priming effect than other crops like soybeans due to its high C:N ratio (Mazzilli et al.
2014). This effect is particularly potent in no tillage scenarios as observed in a study of
field experiments (Mazzilli et al. 2014).

Another consideration when conducting soil incubation experiments includes the effect of
particle size. Specifically, considerable research has been done on the effect of particle
size on biochar as a soil amendment on soil organic carbon development in soils (Li et al.
2019; Jaafar, Clode, and Abbott 2015). Biochar is a popular soil amendment valuable in
the sequestering of carbon in soil due to its chemical and biological recalcitrance. While
corn stover is not a recalcitrant material, literature in this realm is not clear on the effect
of particle size. From Jaafar et al., a test of three different particle sizes of biochar on one
soil indicated that particle size had little effect on the soil microbial response (Jaafar,
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Clode, and Abbott 2015). From Li et al., smaller particle sizes of biochar, as small as .25
mm particles, were associated with increased stability and reduced water loss due to
increase in larger water stable soil aggregates (Li et al. 2019). From Alghamadi et al.,
biochar particle sizes of <1mm can discernibly increase water retention and soil structure
due to increased microporosity as a result of the larger internal surfaces and the porous
structure of the small particles (Alghamdi, Alkhasha, and Ibrahim 2020). While the
particle size effect discussed here is not entirely applicable to corn stover and HLFB; the
conclusion drawn from this is that there may be some effect from particle size on
decomposition and SOC retention.

Problem Statement
Constrained by COVID-19 laboratory restrictions, late project conception, and lack of
access to HLFB, I focused on three smaller scale questions instead that will provide a
reference to later work.
1. Is corn stover a good source of soil organic carbon?
2. How fast does corn stover decompose within the soil matrix, and what is the
effect of varying particle sizes on its decomposition?
3. What mathematical model best fits the decomposition of corn stover and soil in
laboratory incubations?
While HLFB is unmentioned here, the focus of later work will be on the effect of HLFB
return to soil. Further residues to be tested later include more corn stover, cotreated
HLFB that has undergone consolidated bioprocessing, dilute acid steam exploded HLFB,
anaerobically digested HLFB, and composted anaerobically digested HLFB.
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Hypotheses
1. The corn stover amended soil will respire more CO2 than the soil control due to
increased microbial biomass and consequently, increased microbial activity.
2. Relative to larger particle sizes, decomposition of smaller sized corn stover will
be faster initially and ultimately equalize as time progresses.
3. A one pool soil kinematics model should be appropriate for all scenarios tested.

Materials and Methods
Soil and Residue Preparation
The soil used in this study was a fine-silty, mixed, superactive, mesic Pachic Ultic
Haploxerolls soil from the Palouse series. The soil was sourced from the tilled layer of an
agricultural field used previously to grow wheat. Soil was air dried, sieved (2 mm mesh),
and hand picked to remove rocks and roots.

To control the water content of the soil in the incubation, the soil was wetted to 60% of
field capacity (FC) and an (unsuccessful) attempt was made to maintain that water
moisture level throughout the incubation. For this particular soil, I determined FC to be
22% dry weight of the soil. As defined in this paper, field capacity is the amount of water
a soil needs to be fully saturated. I determined the soil’s FC by progressively adding
water to samples of the soil until the soil was fully saturated. I created an apparatus which
consists of a sample cup with the bottom cut off and layers of mesh and filter paper
affixed on as shown in Figure 3. I placed approximately 50 grams of dry soil in the
apparatuses which I placed upright in cup holders in the Hicks Pries lab. I then proceeded
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to add distilled water into the sample cups until there was excess water pooling at the top
of the samples. I then checked the samples periodically throughout the day, adding more
water if the soil had absorbed all the added water already without dripping any onto the
lab bench. If the soils were obviously oversaturated, I checked periodically to see when
no more water would drip out of the apparatus. If the soils appeared fully saturated, I
weighed the samples to determine the weight of the water added. I then calculated the
ratio of water to weight of the dry soil to determine FC.

Figure 3.
Figure shows FC testing apparatus. Apparatus
consists of one small sample cup with the bottom
removed, one layer of fine black mesh, and one
layer of filter paper. Mesh and paper is attached
to the sample cup via the cup’s screw on ring.

Using this experimentally determined field capacity value, I calculated the value for 60%
of FC (22%) for a bulk amount of soil. The 60% value was chosen after personal
communications with soil scientists, Armen Kemanian and Caitlin Hicks Pries who
suggested this value in order to generate optimum decomposition rates. As shown in
Figure 4., I wet a large amount of the soil and mixed it with water, breaking up any
visible clods.
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Figure 4.
Wetted soil in the pan. Soil and
distilled water were mixed with a
spoon until soil appeared
homogeneous in color. Any large
clods (shown here) were broken
manually using the spoon.

For this thesis, corn stover was the only residue available in time for the soil incubations
as the various HLFB treatments discussed in the literature review (above) are currently in
production. The corn stover used in this study is from POET, the world’s largest producer
of biofuels and bioproducts, having been stored at the Lynd Lab at Thayer for the recent
past. Two sizes of corn stover were used, one ground to an average mean diameter size
of .5 mm and another an average mean diameter size of 8.5 mm. Since I did not perform
the grinding myself and the corn stover was found in two separate barrels within the
Lynd Lab, it cannot be definitively said that the corn stover sizes were ground from the
same source material. Drawing from elemental analysis results discussed later in this
paper, it is possible that the two corn stovers are in fact from entirely different parent
material ie. corn grown in different years or different conditions. The larger corn stover
particles were unevenly distributed, and so the cone-and-quarter technique was used to
homogenize and then randomly subsample the stover .
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Figure 5.
Demonstration of the cone-and-quarter mixing
technique on 8.5 mm diameter corn stover
samples. Cone-and-quarter consists of placing a
large pile of corn stover on the table, mixing it
by hand, separating a quarter of the pile, mixing
it by hand, separating a final quarter and mixing
it by hand before taking samples from that pile.
This process roughly homogenizes the pile.

Incubation Jar Preparation
Pint-sized mason jars with airtight lids and 60 mL sample cups were used for this
experiment. 56.6 grams of wet soil (60% field capacity) were placed into 15 small sample
cups. All samples were then pre-incubated in pint sized mason jars with lure lock
sampling ports sealed with a stopcock for 1 week in order to account for the effects of
soil disturbance and to establish the microbial biomass . Subsequently, samples were
refilled with water to achieve appropriate moisture values. The refilling water process
started by weighing out samples and comparing them to recorded values of the initial
60% FC weight of the samples. The actual act of refilling the water consisted of using a
syringe to dribble water around the top of the sample cups back into the samples until
they weighed the same amount as their initial measurements. Samples were then left to
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incubate for a week in order to let the water seep into the soil. No mixing occurred in
order to not lose any material.
Sample ID

Treatment

1A,B,C,D,E

Soil Control

2A,B,C,D,E
3A,B,C,D,E

Quantity of Residue

# of Jars

50 g soil

5

.5 mm Corn Stover

2 g / 50 g soil

5

8.5 mm Corn Stover

2 g / 50 g soil

5

Total

15

Table 1.
Table shows number of treatments and samples incubated. In total, there were 15 jars
with 5 having no residue added and 10 having some size of corn stover added.

The sample cups were then divided into three types of treatments: soil control ie. no
residue added, .5 millimeter diameter sized corn stover, and 8.5 millimeter diameter sized
corn stover. 2 grams of corn stover were added to the appropriate samples. This ratio was
chosen to correspond with 50 grams of dry soil and 2 grams of residue as guided by
personal communications with soil scientists, Armen Kemanian. Table 1 shows the
sample labeling scheme. Once sample cups were filled, cups were placed in mason jars
and lids were screwed on. Throughout the preparation process, weights were recorded as
needed. Sealed jars were placed in dark, 20 degree Celsius incubators.

Infrared Gas Analyzer and Elemental Analyzer
Sampling occurred on days 0 (2/13/2021), 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 12, 14, 18, 20, 24,
26, 28, 33, 35, 37, 51, 55, 59, 62, 81, 85, 87, 89 and is currently ongoing. In the first two
weeks, sampling occurred almost every day. In the second week, sampling occurred
approximately every other day. For the remaining time, the sampling schedule
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transitioned from an every other day schedule to a less frequent. This sampling schedule
was conducted due to COVID-19 lab restrictions, personal availability, and an evolving
experimental procedure. Sampling involved using an Infrared Gas Analyzer (IRGA; PP
Systems, Amesbury, MA, USA) and 15 60 mL syringes (1 for each jar).

The sample collection process consists of the following steps:
1. Before any sample collection session, use three known gas controls to test that the
IRGA is properly functioning. Insert 30 mL of CO2 free air, 2000, and 2%
labelled tank gases into the IRGA.
2. Mix the air in the jar headspace by first inserting a 60 mL syringe into the valve
on the jar’s cap and extracting 60 mL of air. Pump back 60 mL of air into the jar
and repeat the process 5 times. This process mixes the air within the jar, so that
the final 30 mL extracted will be a representative sample of the entire jar.
3. Then I extract 30 mL of air from the jar, and insert the gas from the syringe
slowly into the IRGA gas inlet port. I wait until the readings are stabilized before
recording the measurement. The measurement represents how much CO2 is in the
30 mL of air in parts per million.

For all jars, soils were flushed regularly by opening the jars to room air and fanning them
so that CO2 levels in the headspace did not exceed 20,000 ppm. After trying various
sampling schedules and strategies, I concluded that the best sampling method consisted
of a two day process: on the first day, flush the jar and take an initial measurement of all
the jars, then on the second day take a final measurement and flush the jars. Ideally
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sampling should have occurred on days 0, 1-14, 17-18, 24-25, 32-33, 46-47, 60-61, 7879, 106-107, etc. Using R code attached in Appendix A, I then calculated the flux for that
simple time interval.
Figure 6.
On the left, a picture of gas
sampling with a syringe. On
the right, a picture of the
incubation jar setup with a
sample cup of soil and residue
inside a mason jar.

To collect values for the initial mass of carbon and nitrogen in the corn stover and soil
samples, an Elemental Analyzer, (Elemental Analyzer; CARLO ERBA Reagants SAS,
Val de Reuil, FR) was used. The sampling procedure consisted of the following steps.
1. Weigh out <2 mg of material to be sampled.
2. Scoop into tin capsule using microspatula.
3. Place tin capsule into mold and close capsule with tweezers.
4. Roll closed capsule into a ball, and place in tray.
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5. Send tray of samples to Elemental Analyzer.

Figure 7.
Setup for elemental analysis. Tin capsules are
on the left, tray to place tin capsules are on the
right, and a 3d printed sampling mold is shown
on the bottom.

Flux/Respiration Calculations
I used the data collected throughout the soil incubation, the parameters shown in Table 2.
and the following equations to calculate the carbon flux and amount of carbon respired.
Parameter

Variable

Value

Unit

Gas Constant

R

82.05746 (mL atm)/(K mol)

Room Pressure

Proom

0.98 atm

Room Temperature

Troom

295 K

Jar Volume

Vjar

Soil Bulk Density

Db

Soil Weight

Wsoil

Carbon Molar Mass

Mcarbon

Volume of Air Removed

Vremoved

Temperature of Air Removed

Tremoved

473.176 mL
1.65 g/cm3
56 g
12.011*103 mg/mol
30 mL
293 K

Table 2.
Table lists the relevant parameters used to calculate carbon flux and carbon respired.
Values for gas constant and carbon molar mass correspond with literature values. Values
for room pressure, soil bulk density, and temperature of air removed were estimated with
guidance from Caitlin Hicks Pries. Values for weight of the soil, volume of air removed,
volume of jar, and room temperature were averaged and measured.
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Volume of soil:
𝑉𝑠𝑜𝑖𝑙 =

𝑊𝑠𝑜𝑖𝑙
𝐷𝑏

[𝑚𝐿]
𝑊𝑠𝑜𝑖𝑙 = 56 𝑔, 𝐷𝑏 = 1.65 𝑔/𝑐𝑚3

Volume of air inside jar:
𝑉𝑎𝑖𝑟 = 𝑉𝑗𝑎𝑟 − 𝑉𝑠𝑜𝑖𝑙 [𝑚𝐿] ie. volume of air inside jar
Moles of air inside jar:
𝑃𝑉 = 𝑛𝑅𝑇
𝑛𝑎𝑖𝑟 =

𝑃𝑟𝑜𝑜𝑚𝑉𝑎𝑖𝑟
𝑅𝑇𝑟𝑜𝑜𝑚

[𝑚𝑜𝑙] ie. moles of air inside jar

𝑛𝑎𝑖𝑟 = 𝐶𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 ∗ 10−6 ∗ 𝑛 𝑎𝑖𝑟 [𝑚𝑜𝑙] ie. moles of carbon inside jar
𝐶𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 [𝑝𝑝𝑚]
Mass of carbon in air inside jar:
𝑚𝑟𝑒𝑚 𝐶 = 𝑛𝑟𝑒𝑚 𝐶 ∗ 𝑀𝐶 [𝑚𝑔] ie. mass of carbon inside jar
𝑀𝐶 = 12.011 ∗ 10−3 [𝑚𝑔/𝑚𝑜𝑙] ie. molecular mass of carbon
Moles of air removed from jar:
𝑛𝑟𝑒𝑚 𝑎𝑖𝑟 =

𝑃𝑟𝑜𝑜𝑚𝑉𝑟𝑒𝑚
𝑅𝑇𝑟𝑒𝑚

[𝑚𝑜𝑙] ie. moles of air removed from jar

Mass of carbon in air removed from jar:
𝑛𝑟𝑒𝑚 𝑎𝑖𝑟 = 𝐶𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 ∗ 10−6 ∗ 𝑛𝑟𝑒𝑚 𝑎𝑖𝑟 [𝑚𝑜𝑙] ie. moles of carbon removed from jar
𝐶𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 [𝑝𝑝𝑚]
𝑚𝑟𝑒𝑚 𝐶 = 𝑛𝑟𝑒𝑚 𝐶 ∗ 𝑀𝐶 [𝑚𝑔]
Change in time of measurements:
𝛥𝑡𝑖𝑚𝑒 = 𝑡𝑖𝑚𝑒2 − 𝑡𝑖𝑚𝑒1 [ℎ𝑜𝑢𝑟𝑠] ie. time elapsed between two sequential samplings
Change in mass of carbon in air inside jar:
𝛥𝑚𝑎𝑠𝑠 = 𝑚𝑎𝑠𝑠2 − 𝑚𝑎𝑠𝑠1 [𝑚𝑔]
𝛥𝑚𝑎𝑠𝑠𝑎𝑑𝑗 = 𝛥𝑚𝑎𝑠𝑠 + 𝑚𝑟𝑒𝑚 𝐶 [𝑚𝑔]
Carbon flux:
𝑓𝑙𝑢𝑥 =

𝛥𝑚𝑎𝑠𝑠𝑎𝑑𝑗
𝛥𝑡𝑖𝑚𝑒

[𝑚𝑔/ℎ𝑟]

ie. amount of carbon respired per hour for a specific time

period
Carbon respired*:
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𝐶𝑟𝑒𝑠𝑝𝑖𝑟𝑒𝑑 = .5 ∗ 𝛥𝑡𝑖𝑚𝑒 ∗ (𝑓𝑙𝑢𝑥1 + 𝑓𝑙𝑢𝑥2 ) [𝑚𝑔]
specific time
𝑠𝑎𝑚𝑝𝑙𝑒𝑠
𝐶𝑐𝑢𝑚 𝑟𝑒𝑠𝑝𝑖𝑟𝑒𝑑 = ∑𝑡𝑜𝑡𝑎𝑙
𝑓𝑙𝑢𝑥𝑖 [𝑚𝑔]
𝑖=1
respired up until a specific time

ie. amount of carbon respired for a
ie. cumulative amount of carbon

*The amount of carbon respired is determined directly from carbon flux calculations.
Using the Trapezoidal Rule, outputting an amount of carbon respired from the jar up until
the date plotted. The results in this thesis are only reported up until the 89th day of
measurements. As the experiments continue, the same methods and code can be applied
to calculate values further along in this decomposition.

SoilR Modelling
To model the long-term behavior of the corn stover and soil decomposition, I applied
mathematical models to the carbon respired data I calculated previously. I used the SoilR
package developed by Sierra et al. and specifically tested the two pool parallel, two pool
series, and two pool feedback models (Sierra et al., 2012). These models are all based on
this classic first order differential equation shown below.

I(t) represents carbon inputs to the system. Because incubations do not have additional
inputs of carbon once incubation begins, this quantity is 0 for our experiments. A(t)
represents decomposition rates of the SOM, and C(t) represents the amount of carbon in
the sample at any time. The term “pool” of carbon refers to a partitioned group of carbon
in a sample that decomposes at a specific rate. Thus, two pool models mean that a
sample’s decomposition behavior can be best represented by two partitioned groups
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carbon decomposing at different rates. For the varying types of models ie. parallel, series,
and feedback, decomposition rates are either respectively independent of each other,
sequentially affect each other, or affect each other simultaneously. These relationships
are diagrammed in Figure 8.

Figure 8.
Figure from Sierra et al., 2012 (Sierra, Müller, and
Trumbore 2012). Two pool models of the parallel,
series, and feedback varieties are shown.
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Results
Soil Incubations
The following figures show the results of the aforementioned calculations graphically:

Figure 9.
Each plot within the figure represents a different treatment: on the left, no residue; in the
middle, .5 mm diameter corn stover; and on the right, 8.5 mm diameter corn stover. Black
points represent the exact values of carbon flux calculated for a short period of time
culminating on the day point is plotted. Red points and bars indicate the mean and
standard error respectively for those points by date. Dotted blue lines show when water
was added back to the samples to maintain experimental moisture parameter levels (60%
FC).

Before the first water addition, the carbon flux evolution appears like an exponential
decay curve. This is to be expected as newly introduced SOM is fed upon by the
microbial communities in the soil. As the microbes consume water and the nitrogen in the
SOM, the microbes respire carbon dioxide. Using the IRGA, I am able to measure the
amount of CO2 in the headspace of the jar, and with my calculations represent exactly
how much CO2 the microbes respire over time. As time progresses from February to the
end of March, the plots show that the microbes are decreasing in their respiration rate,
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directly associated with a decrease in the SOM’s decomposition rate. This behavior by
the microbes is regularly expressed in literature as an exponential decay (Schaeder).

Post late April however, the plots show an unexpected and sizable increase in carbon
flux. The first increase is recorded occurring 26 days (on 4/17/21) after the first
readdition of water. Because of a lack of data leading up to this data point, it is unclear
how much lagtime is associated with the water addition. On average, all 15 samples lost
approximately 2 grams of water. Out of the 6.6 grams added to each sample, that means
the samples lost about 30% of their water throughout the first 37 days (until the first
readdition of water on 3/22/21) of incubation. The incubation was continued past this first
addition.

Water is then readded 31 days (on 4/22/21) after the first addition of water, and similar
behavior is exhibited as carbon flux increases dramatically again relative to its first phase
exponential decay behavior. The effect is more pronounced in the corn stover samples
than the no residue, soil samples. This is presumably due to there being more SOM in the
corn stover samples, and thus a higher potential respiration rate as the microbes have
more to feed on. From a visual inspection of the two corn stover plots, the plots appear
almost identical with equalized y-axes and similar mean points throughout the incubation.
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Figure 10.
Similar to the carbon flux figure, each plot represents a different treatment as labelled on
top. Black points represent the value of carbon respired cumulatively ie. how much
carbon is respired in each treatment up until the date plotted. Red points and bars indicate
the mean and standard error respectively for those points by date. Dotted blue lines show
when water was added back to the samples to maintain experimental moisture parameter
levels (60% FC).

From the carbon flux graphs, I performed a simple integration to create Figure 10., the
cumulative carbon respired curves. Thus, as these plots are generated mathematically and
do not involve additional experimental data, these plots show identical trends relative to
the carbon flux plots as cumulative carbon increases post water addition identical to
where it was previously identified in the flux discussion. On these plots, the cumulative
carbon respired up to a certain day can be identified and used in calculations/modelling.
For the curves over the course of an 89 day incubation, 11.5 mg carbon is respired for the
soil treatment, and 112.9 and 117.6 mg carbon are cumulatively respired for the smaller
and larger sized corn stover respectively.
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Elemental Analyzer
Data from the elemental analyzer was utilized to parametrize the models and provide
comparison values to the Johnson et al. 2007 paper. As shown in Table 3., a precision
analysis shows that the values obtained from the elemental analyzer are precise. Using
the %C and %N data, I calculated the C:N ratio for each treatment and compared them to
literature values from Johnson et al., 2007 as shown in Table 4.
Precision
Sample

%C

n

Mean

%N

Variance Stdev

Stder

Mean

Variance Stdev

Stder

SOIL

4.00

1.39000

0.00030

0.02000

0.01000

0.10000

0.00000

0.00000

0.00000

.5 CS

4.00 43.53000

0.41115

0.74041

0.37020

0.49000

0.00305

0.06377

0.03189

8.5 CS

5.00 44.55600

0.08162

0.31942

0.15971

0.33600

0.00190

0.04879

0.02439

COCOA

4.00 49.05250

0.00537

0.08461

0.04230

4.27750

0.00117

0.03948

0.01974

Table 3.
Precision values for the elemental analyzer analysis of percentage of carbon and nitrogen
in soil, .5 mm corn stover, and 8.5 mm corn stover. Highlighted in yellow are the average
values of %C and %N for the samples. Other quantities included are for a statistical
analysis of the data collected. Stdev represents standard deviation. Stder represents
standard error.

C:N Ratios
Data Type

Experimental

Quantity

Value

Palouse Soil

14

.5 CS

89

8.5 CS

133

Langhei Soil

39

Svea Soil
Literature
(Johnson et al.,
2007)
Corn Stover

15

HLFB

67
30
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Table 4.
C:N ratios for my samples compared to similar values obtained from the Johnson et al.,
2007 study. The corn stover size used in their study was unspecified as size was not of
interest in their paper.

In this paper, C:N ratios are on a mass basis ie. they represent the mass of carbon in a
sample divided by the mass of nitrogen in a sample. Relative to the Johnson et al. corn
stover C:N ratio of 67, my corn stover C:N ratios were significantly higher and varied in
particle size ie. 89 for the smaller corn stover and 133 for the larger corn stover. This is
unusual as I presumed that the corn stover had the same parent material; however, with
the high level of precision reached and the stark differences in C:N ratios, it is almost
certain that the material is of different origin. In Johnson et al., 2007, their incubations
included two different soils: Langhei and Svea soil. Experimentally, they determined that
the Langhei soil was more responsive to the HLFB than the Svea soil ie. carbon flux and
cumulative carbon respired was greater when the same amount of HLFB was added. The
Langhei soil had a higher C:N ratio. The effect of C:N ratio on decomposition will be
discussed in the Discussion section.
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Experimental Calculations
Quantity
Carbon in Soil (C0)

Value

Unit
13.9 mg C / g soil

Carbon in .5 CS

435.3 mg C / g CS

Carbon in 8.5 CS

445.56 mg C / g CS

Total C in .5 CS jar

1.5656 g C in jar

Total C in 8.5 CS
jar

% of Control

1.58612 g C in jar

%C Respired by
Soil

g C respired in jar / g
1.65% C in jar

100%

%C Respired by .5
CS

g C respired in jar / g
7.25% C in jar

438%

%C Respired by 8.5
CS

g C respired in jar / g
7.42% C in jar

448%

C Respired by .5 CS
C Respired by 8.5
CS

mg C respired in jar
51 / g CS
mg C respired in jar
53.1 / g CS

Table 5.
Calculations performed using data from elemental analysis discussed and soil incubation
experiment values. Percentage of carbon respired by the various materials represents how
much carbon was respired relative to the amount of carbon in the material originally up
until the 89th day of incubations. Percentage of control values represent a comparison of
percentage carbon respired by the respective material to the soil control percentage.

I included the percentage of control values in alignment with Johnson et al. 2007, which
also calculated this quantity. As expected, the samples with the corn stover respired
significantly more carbon relative to the soil control due to increased SOM for the
microbes to decompose. This is reflected in the non-zero values of amount of carbon
respired by the various sizes of corn stover per gram of corn stover added.
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SoilR Modelling:
I used the SoilR package to fit mathematical models to the soil control (1), .5 mm corn
stover (2), and 8.5 mm corn stover (3) cumulative carbon respired data. As shown in
Table 6, I used the small sample corrected Akaike Information Criterion (AICc) to
choose the best fit for the datasets. This analysis indicated that the two pool parallel
model is overwhelmingly the best fit for the corn stover datasets. For the soil control, the
two pool series and two pool parallel model are virtually comparable as their AICc values
only vary slightly.
1
AIC Model
Comparison

AICc

2

3

AICc

AICc

2 Pool Feedback

16.2001917

8.8450375

11.2896799

2 Pool Series

12.8321877

6.13655544

7.76869294

2 Pool Parallel

12.9372058

0.51513955

1.30321311

Table 6.
Table shows the small sample corrected Akaike Information Criterion (AICc) for various
models applied to the soil control (1), .5 mm corn stover (2), and 8.5 mm corn stover (3)
cumulative carbon respired data. Highlighted in yellow are the lowest values for AICc for
each treatment. Lowest values indicate highest quality model for that dataset.

Shown in Figure 11., visually the corn stover models appear to fit better relative to the
soil control, as reflected in the differences in AICc values. Long term extrapolation of
data can be performed to ascertain inevitably a ratio of long term carbon respired to
amount of initial carbon ie. how much SOC is sequestered within the material. When
these experiments end, these models can be used to extrapolate the long-term behavior of
the soil and the corn stover. This is done using the mathematical parameters outputted by
the models applied that are recorded in Table 7.
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Figure 11.
Three best model fits for the soil control
(top-left), smaller corn stover (top-right),
and larger corn stover (bottom-left)
treatments are shown. Points are the
experimentally derived cumulative carbon
respired data. Orange curve is the varying
model fits

Parameters

Model Type

k1

k2

gamma

alpha21

Control

2 Pool Series

1.6 * 10^-2

6.9 * 10^-6

6.4 * 10^-1

6.4 * 10^-1

.5 mm CS

2 Pool Parallel

1.4 * 10^-2

1.1 * 10^-8

9.4 * 10^-2

/

8.5 mm CS

2 Pool Parallel

1.1 * 10^-2

9.4 * 10^-9

1.1 * 10^-1

/

Table 7.
Parameters from the model fitting are displayed. Variables k1 and k2 represent the
respective carbon pool’s decomposition rate. Inverse of the k variables represent turnover
time or how long it takes for the SOC pool to fully decompose. The gamma variable
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represents the partitioning of SOC between the two pools. The alpha variable represents
the interactions of the first pool of SOC with the second pool of SOC.

From the decomposition rates generated during the modelling process, I calculated the
turnover time for the respective pool of carbon in each model. Taking the inverse of the
decomposition rates gives the following values for turnover time as shown in Table 8.
The turnover times for the first pool of carbon appear reasonable and relatively fast
compared to literature values for soil turnover time (with hundreds of years being a
common scale for turnover time as documented in Luo et al., 2019). However, the values
for soil turnover time for the corn stover derived second pools of carbon are significantly
higher in comparison to both the first pools of carbon and literature values in general
associated with SOC (with the highest values discussed in Luo et al., 2019 being in the
thousands scale). With these values being on a scale of hundreds of thousands of years,
the model parameters generated from the models may not be as accurate as the AICc
values suggest.
Model Parameters

Model Type

Turnover Time Turnover Time
1 [days]
2 [years]

Control

2 Pool Series

62.50

397.06

.5 mm CS

2 Pool Parallel

71.43

249,066.00

8.5 mm CS

2 Pool Parallel

90.91

291,460.22

Table 8.
Turnover time as calculated from the k values generated in Table 7. Turnover time is the
inverse of k in days.
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Discussion
For my discussion, I will answer the following three questions driving my thesis:
1. Is corn stover a good source of soil organic carbon?
2. How fast does corn stover decompose within the soil matrix, and what is the
effect of varying particle sizes on its decomposition?
3. What mathematical model best fits the decomposition of corn stover and soil in
laboratory incubations?

1. The corn stover amended soil respired more CO2 than the soil control due to
increased microbial biomass and consequently, increased microbial activity. Thus,
the corn stover is a relatively large source of SOC compared to the soil control
and as of its 89th day of incubation, the corn stover treatments retain
approximately 93% of their SOC.

The effect of the corn stover as a determinant of carbon flux is most obvious when the
graphs shown in Figure 12., carbon flux plots adjusted so that y-axes are equalized.
Visually, it is apparent that the rates of carbon flux and consequently, the amount of
carbon are much higher in the corn stover treatments relative to the control. From the
values in Table 5., this conclusion is supported numerically as corn stover treatments
respired approximately 7% of their original SOC values by the 89th day of incubation
while the soil control respired less than 2%. Most obviously, this effect is due to the
relative lack of SOM in the control sample and thus reduced microbial biomass leading to
a reduced rate of respiration.
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Figure 12.
Carbon flux evolution and cumulative carbon respired are shown again, like in Figures 9.
And 10., but with y-axes equalized so that the effect of the corn stover can be most
clearly observed.

Additionally, the unique C:N ratio of the corn stover affects the samples’ carbon flux
values. As compared to C:N ratios derived from the Johnson et al., 2007 paper, as shown
in Table 9., my corn stover C:N ratios are significantly higher. My ratios span a range of
89-133, a significant difference as previously discussed in the Results section. Not only
do these values suggest that the corn stover I used was of different parent material, they
also explain why the amount of carbon respired per gram of corn stover is so much lower
for my corn stover than compared to the Johnson et al. values. A higher C:N ratio means
a material has more carbon than it does nitrogen relative to another material. Thus, with
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my corn stover samples having a significantly higher C:N ratio range, that means my
incubation experiments contained more carbon than they did nitrogen relative to the
Johnson et al. experiments. This is especially important as nitrogen is a key nutrient that
microbes need to build microbial biomass via protein synthesis and to produce
extracellular enzymes that break down SOM. Thus, if nitrogen is limited ie. when there is
less nitrogen than what the microbes require, there will be less microbial activity, and
thus, less carbon respiration. Since my experiments used corn stover with a higher C:N
ratio, presuming that microbial activity within the soil is comparable, relative to the
Johnson et al. corn stover experiments, my experiments were nitrogen limited. Thus, it is
to be expected that my values for carbon respired by corn stover to be less as they are
shown in Table 9.
Literature Comparison (Johnson et al. 2007)
Literature
Quantity

Svea

Experimental

Langhei

Soil C:N

.5 CS

15.2

CS C:N

39.4

67

8.5 CS
14
89

133

% Respective
Controls Respired

186%

218%

438%

448%

C Respired by CS
[mg C/g residue]

294.7

234.7

51

53.1

Table 9.
Values determined experimentally are compared with literature values acquired from
Johnson et al., 2007. All Johnson et al. 2007 values with the exception of the carbon
respired by the corn stover values were copied with no interpolation. The carbon respired
per gram corn stover values were converted from given Johnson et al. values using their
bulk density and application rate values.
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2. Under my experimental conditions, the corn stover within the soil matrix
exhibited typical exponential decay behavior in carbon flux with the flux being
significantly affected by the varying levels of moisture achieved throughout the
experiment. On the other hand, the size of corn stover particles was not a
significant determinant in carbon flux or amount of carbon respired.

As shown in the carbon flux evolution graphs of Figure 12., exponential decay behavior
is shown pre the first readdition of water in late March. After each readdition of water,
carbon flux increases significantly approximately three weeks after. Thus, there is an
observable lag effect due to the soil’s capacity to diffuse water and the soil microbes’
ability to recover from water stress. Like previously discussed in regards to microbes
responding to nitrogen stress with reduced microbial activity, the microbes having
experienced water stress respond similarly in that respiration rate also decreases. This is
due to the fact that microbes require water for metabolic activity and also for enzyme
diffusion to and from the SOM. Since microbes produce enzymes to decompose SOM,
decreased levels of soil moisture means decreased levels of enzymatic activity meaning
decreased levels of microbial carbon respiration. Thus, the compounding effects of
nitrogen and water stress lead to an decrease in activity which manifests itself (pre the
first addition of water) as an exacerbated exponential decay graph.
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Figure 13.
On the left, mean carbon flux evolution values for the two corn stover treatments are
overlaid on top of each other. On the right, mean cumulative carbon respired values are
overlaid. Red points represent the .5 mm sized corn stover, and the blue points represents
the 8.5 mm sized corn stover. Bars represent the standard error.

Another result that is apparent from the carbon flux and carbon respired graphs is the
almost identical behavior of the corn stover treatments. As shown in Figure 13., which
overlays the mean values for carbon flux and carbon respired for each corn stover
treatment, there is virtually no differences in decomposition between the two particle
sizes. Despite the 8 mm size difference (smaller corn stover was .5 mm and larger corn
stover was 8.5 mm), after the course of 89 days in incubation, the cumulative amount of
carbon respired is very similar at 112.9 mg carbon and 117.6 mg of carbon respectively.
Certainly, some differences were to be expected due to imperfect mixing, natural
microbial variation, and differing C:N ratios; but the sheer closeness in values and
closeness graphically indicate that particle size is not a significant determinant of corn
stover decomposition.
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3. A two pool parallel model fits the decomposition of the corn stover the best.
Technically, a two pool series model fits the decomposition of the Palouse soil the
best.

As evident by the AICc values shown in Table 6, a two pool parallel model fits the corn
stover experiments the best. However, the calculated turnover times shown in Table 8,
suggest that the modelling is not totally realistic as turnover times on the order of
hundreds of thousands of years are not aligned with literature values (Z. Luo, Wang, and
Wang 2019). However, a perfect fit is not to be expected as carbon pools exist in a
continuum in soil and can be partitioned into infinite groups depending on minute
differences in decomposition rate. Thus, trying a variety of models beyond the pool type
must be considered. Given the scope of this thesis however, the two pool models are
enough at this point to extrapolate roughly what future SOM will resemble. Additionally,
for the soil control, the AICc values did not differ significantly between the two pool
parallel and two pool series models. While I plotted the two pool series model as the
AICc value was technically lower, the two pool parallel model may be the more correct
model due to the fact that for the corn stover treatments, the two pool parallel model was
significantly the better fit. Since the models are not showing the behavior of the corn
stover isolated but in fact are showing the behavior of the corn stover and soil
decomposing, it is very possible that a two pool parallel model is actually a better fit
given more data in the long term. Thus, a two pool parallel model should be considered
for the soil control as well.
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Conclusion
The key takeaways from this thesis include:
1. The corn stover amended soil respired more CO2 than the soil control due to
increased microbial biomass and consequently, increased microbial activity. Thus,
the corn stover is a relatively large source of SOC compared to the soil control
and as of its 89th day of incubation, the corn stover treatments retain
approximately 93% of their SOC.
2. Under my experimental conditions, the corn stover within the soil matrix
exhibited typical exponential decay behavior in carbon flux with the flux being
significantly affected by the varying levels of moisture achieved throughout the
experiment. On the other hand, the size of corn stover particles was not a
significant determinant in carbon flux or amount of carbon respired.
3. A two pool parallel model fits the decomposition of the corn stover the best.
Technically, a two pool series model fits the decomposition of the Palouse soil the
best.

As this thesis serves primarily as a foray into the methods and mechanics of laboratoryscale soil incubation experiments, I consider this thesis successful in its establishment of
best practices for the next year of this project. This thesis’ results will serve as a base case
comparison for HLFB return as discussed in the literature review. To test whether biofuel
production can be beneficial or at least to soil health practices, I will compare the future
HLFB carbon respired data with the data generated from this thesis. If next year’s results
from the HLFB incubations show that more SOC is retained when HLFB is added to the
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soil than by corn stover, then that will successfully answer whether HLFB should be
added back to the soil. Due to HLFB being higher in lignin and having a lower C:N ratio
(thus having a relatively higher nitrogen content to corn stover), HLFB is expected to
retain more SOC. Future incubations will prove this.

Recommendations for Future Work
● Continue these soil incubation experiments into the next year in order to observe
stabilized decomposition behavior. Adjust moisture content accordingly.
● Repeat experiments with varying treatments of HLFB. Use updated protocols
generated from this thesis including controlling more rigorously moisture content,
temperature, sampling schedule, residues tested, and mixing technique.
● Maintain strict control of moisture levels during incubation. Weigh samples every
week, and refill water appropriately.
● Apply more complicated mathematical models to my data in order to simulate on
the field conditions, since relevance to farmers and their field practices is the
ultimate driver of this project.
● Extrapolate from mathematical models, and calculate the percentage of carbon
respired in the long term.
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Appendices
Appendix A – R Code for C Flux/C Respired Calculations
## HONORS ENGS THESIS SOIL INCUBATION CALCULATIONS, APR. 2021
## Author: Michelle S. Wang, michelle.s.wang.21@dartmouth.edu
# Load packages + functions
library(tidyverse)
library(SoilR)
library(FME)
# Read in data
data <- read.csv("IRGA_Measurements.csv", stringsAsFactors = FALSE, header = TRUE) # scan in document formatted like example
data <- data %>%
rename(C_ppm = C..ppm.)
#GENERAL CALCULATIONS#######################################################
# Constants
R <- 82.05746 # [mL*atm/(K*mol)]
# Room Parameters
Pr <- .98 # [atm]
Tr <- 22 # [C]
Tr <- Tr + 273 # [K]
# Jar/Soil Parameters
Vjar <- 473.176 # [mL] in pint jar
Bdensity <- 1.65 # [g/cm^3] bulk density of soil
Wsoil <- 56
# [g] weight of soil
Vsoil <- Wsoil/Bdensity # [mL = cm^3]
Vair <- Vjar-Vsoil
# [mL]
# n [mol] air inside jar
n <- Pr*Vair / (R*Tr) # [mol]
# Moles/Mass of C inside jar
molmass_C <- 12.011*10^3 # [mg/mol] molar mass of C
data_C <- data %>%
mutate(moles_C = C_ppm*n/(10^6)) %>% # [mol] moles of C in air
mutate(mass_C = moles_C*molmass_C) # [mg] mg of C in air
# Delta Time and CO2
Vrem <- 30 # [mL] CO2 rich air removed from jar
Trem <- 20+273 # [K] temp of air removed since in incubator
nrem <- Pr*Vrem / (R*Trem) # [mol] moles of air removed from jar
#PLOT FLUX V TIME#######################################################
# Plot Flux v Time [1,2,3ABCDE in one image, same scale]
data_all_unclean <- data_C %>% # unclean bc I don't remove the points that dip
filter(!Sample %in% c('CO2 FREE', '2008', '2 %')) %>% # filters out controls
separate(Sample, c("Num", "Lett"), sep=cumsum(c(1,1)), remove = FALSE) %>%
mutate(Date.Time = as.POSIXct(Date.Time, format = '%m/%d/%y %H:%M')) %>% # converts Date.Time from characters to date-time format
group_by(Sample, Flush) %>% # group by flush
arrange(Date.Time) %>% # arrange in ascending order
mutate(time_diff = as.numeric(Date.Time - lag(Date.Time, default = first(Date.Time)), units = 'hours')) %>% # [hours] find time difference in flush groups
mutate(mass_diff = as.numeric(mass_C - lag(mass_C, default = first(mass_C)))) %>% # [mg] find mass_C difference in flush groups
mutate(rem_moles_C = C_ppm*nrem/(10^6)) %>% # [mol] moles of C in removed air
mutate(rem_mass_C = rem_moles_C*molmass_C) %>% # [mg] mg of C in removed air
mutate(adj_mass_diff = as.numeric(mass_diff + lag(rem_mass_C, default = first(rem_mass_C)))) %>% # [mg] find adjusted including removal mass_C difference in
flush groups
mutate(flux = adj_mass_diff/time_diff) %>% # this depends on prev. line being right
filter_if(~is.numeric(.), all_vars(!is.infinite(.))) #%>%
data_all <- data_all_unclean %>%
filter(row_number() != n() | n() == 1 ) # we keep if # observations in a group = 1 or if multiple observations, discard the last
## PLOTTING
theme_C <- theme_light() + theme(panel.grid.minor = element_blank(),
#text = element_text(size = 30),line = #30 for facetwrapped plots
strip.background = element_rect(color="black", fill="#93C5FF", size=1.5, linetype="solid"),
legend.position = "none",
plot.title = element_text(hjust = 0.5)
)
num_labs <- c('Soil Control', '.5 Corn Stover', '8.5 Corn Stover')
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names(num_labs) <- c('1', '2', '3')
## Mean and SE of flux
p1<- ggplot(data_all, aes(x=Date.Time, y=flux)) +
geom_point(aes(size = .8)) +
stat_summary(fun.data = "mean_se", colour = "red", size = .8) +
geom_vline(xintercept = as.POSIXct(as.Date(c('2021-03-22', '2021-04-22'))), linetype = 'dashed', color = 'blue', size = 2) + # when water was added, comment this
out for no lines
#facet_wrap(~Num, labeller = labeller(Num = num_labs)) + ##NON FREE SCALE
facet_wrap(~Num, scales = 'free', labeller = labeller(Num = num_labs)) + ##free scale bc 1 is so small
theme_C +
scale_y_continuous(limits=c(0,NA)) + # sets all plots start at 0 go to unique maxes for each
labs(x = '', y = 'Carbon Flux [mg/hr]', title = 'Carbon Flux Evolution in Treatments Over an 89 Day Incubation')
p1
ggsave("fluxh2o_scale_mean&se.png", plot = p1, width = 60, height = 20, units = "cm") # change this accordingly
#PLOT CUMULATIVE C RESPIRED V. TIME#######################################################
data_resp <- data_all_unclean %>% # unclean bc it keeps in the unexpected dips in C flux
ungroup(Flush) %>% # ungroup Flush but keep groups by Sample
mutate(C_resp = .5*(as.numeric(Date.Time - lag(Date.Time, default = first(Date.Time)), units = 'hours'))*(flux+lag(flux))) %>% # [mg] trapezoidal area calculation
to get C respired
mutate(time = as.numeric(Date.Time - first(Date.Time), units = 'days')) %>% # calculate time difference from first in group in [days]
na.omit(C_resp) %>% # omit NAs which arise from the first trapezoid area measurement
mutate(C_resp_cum = cumsum(C_resp)) # [mg] cumulatively add together trapezoids
plot_all_resp <- ggplot(data_resp) +
geom_point(aes(Date.Time, y = C_resp_cum)) +
labs(x = 'Time', y = 'Cumulative Carbon Respired [mg]', title = 'Cumulative Carbon Respired v. Time') +
facet_wrap(~Sample, nrow = 3)
plot_all_resp
## Mean and SE of C respired
p2 <- ggplot(data_resp, aes(x=Date.Time, y=C_resp_cum)) +
geom_point(aes(size = .8)) +
stat_summary(fun.data = "mean_se", colour = "red", size = .8) +
##facet_wrap(~Num, labeller = labeller(Num = num_labs)) + ##NON FREE SCALE
facet_wrap(~Num, scales = 'free', labeller = labeller(Num = num_labs)) + ##free scale bc 1 is so small
geom_vline(xintercept = as.POSIXct(as.Date(c('2021-03-22', '2021-04-22'))), linetype = 'dashed', color = 'blue', size = 2) + # when water was added, comment this
out for no lines
theme_C +
scale_y_continuous(limits=c(0,NA)) + # sets all plots start at 0 go to unique maxes for each
labs(x = '', y = 'Cumulative Carbon Respired [mg]', title = 'Cumulative Carbon Respired Over an 89 Day Incubation')
p2
ggsave("resph2o_scale_mean&se.png", plot = p2, width = 60, height = 20, units = "cm")
## Corn Stover Plots Overlaid
data_corn_flux <- data_all %>%
filter(Num != 1)
p_corn_flux <- ggplot(data_corn_flux, aes(x = Date.Time, y = flux, group = Num)) +
stat_summary(fun.data = "mean_se", aes(group = Num,color = Num)) +
theme_C +
labs(x = '', y = 'Carbon Flux [mg/hr]', title = 'Carbon Flux Evolution in Corn Stover \n Treatments Over an 89 Day Incubation')
p_corn_flux
ggsave("corn_flux.png", plot = p_corn_flux, width = 15, height = 15, units = "cm")
data_corn_resp <- data_resp %>%
filter(Num != 1)
p_corn_resp <- ggplot(data_corn_resp, aes(x = Date.Time, y = C_resp_cum, group = Num)) +
stat_summary(fun.data = "mean_se", aes(group = Num,color = Num)) +
theme_C +
labs(x = '', y = 'Cumulative Carbon Respired [mg]', title = 'Cumulative Carbon Respired in Corn Stover \n Treatments Over an 89 Day Incubation')
p_corn_resp
ggsave("corn_resp.png", plot = p_corn_resp, width = 15, height = 15, units = "cm")
#SOIL MODELLING#######################################################
# Based off of https://www.bgc-jena.mpg.de/TEE/optimization/2015/12/09/Fractions-Incubations/
# Context from https://escholarship.org/uc/item/9h72f7hk
# Prepare dataset for data modelling
data_mod <- data_resp %>%
ungroup(Sample) %>% # now, not grouped as anything
select(c('time','Num', 'C_resp_cum')) %>% # select these columns for ease
group_by(Num, time) %>% #
summarize(cummCO2 = mean(C_resp_cum)) # sd gives an error for some reason: Stderr = sd(C_resp_cum)) # [mg] amount of carbon respired cumulatively, not
in terms of mg C/g soil
#summarize(cummCO2 = mean(C_resp_cum)/50, Stderr = sd(C_resp_cum/50)) %>% # /50 so it's in [g C/g soil] since we start w/ ~50g soil, summarizing by all
incubations def. loses precision since it's not a rate, it's an absolute amount?, but also it's based off of rate anyways
write.csv(data_mod, file = 'data_mod.csv')
############################################################################################################
############SOILR MODELS###################################################################################
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# Load packages + functions
library(tidyverse)
library(SoilR)
library(FME)
# Cumulative flux should be in mg
CO2flux<-read.csv("data_mod.csv", header=TRUE)%>%
dplyr::filter(Num == '3') %>% #CHANGE FOR TREATMENT
dplyr::select(time, cummCO2)#, Stderr)
days <- seq(0, round(last(CO2flux$time)))
Ctotal= 1586.12 #CHANGE FOR TREATMENT [mg] (695 for Num==1, 1565.6 for Num==2, 1586.12 for Num==3)
#cost function
eCO2cost=function(pars){
modelOutput=eCO2func(pars)
return(modCost(model=modelOutput, obs=CO2flux[,1:2]))
}
###one pool model####
eCO2func = function(pars) {
mod=OnepModel(
t=days,
k = pars[1],
C0 = Ctotal,
In = 0,
pass=TRUE
)
AccR=getAccumulatedRelease(mod)
return(data.frame(time=days,cummCO2=rowSums(AccR)))
}
inipars=c(k=.0001)
eCO2fit=modFit(f=eCO2cost,p=inipars,method="Nelder-Mead",
upper=c(Inf),lower=c(0))
options(scipen = 999)
eCO2fit$par
fitmod=OnepModel(t=days, k=eCO2fit$par[1],
In=0, C0=Ctotal)
fitCumm=getAccumulatedRelease(fitmod)
a <- rowSums(fitCumm)
#Plot the results, crap fit, which is not unexpected, it also does warn us that Nelder-Mead sucks at single optimization
plot(CO2flux[,1:2],type="p",xlab="Days",
ylab="Cummulative respiration (mg C g-1 soil)") #IT'S NOT mg/g UNLESS I DO DIVIDE BY 50
lines(rowSums(fitCumm))
fitCumm1 <- rowSums(fitCumm)

###two pool feedback model####
eCO2func=function(pars){
mod=TwopFeedbackModel(
t=days,
ks=pars[1:2],
a21=pars[3]*pars[1],
a12=pars[4]*pars[2],
C0=Ctotal*c(pars[5],1-pars[5]),
In=0,
pass=TRUE
)
AccR=getAccumulatedRelease(mod)
return(data.frame(time=days,cummCO2=rowSums(AccR)))
}
inipars=c(k1=0.5,k2=0.05,alpha21=0.5,alpha12=0.1,gamma=0.5)
eCO2fit=modFit(f=eCO2cost,p=inipars,method="Nelder-Mead",
upper=c(Inf,Inf,1,1,1),lower=c(0,0,0,0,0))
options(scipen = 999)
eCO2fit$par
#Run the model again with best parameter set
fitmod=TwopFeedbackModel(t=days, ks=eCO2fit$par[1:2],
a21=eCO2fit$par[3]*eCO2fit$par[1],
a12=eCO2fit$par[4]*eCO2fit$par[2],
C0=Ctotal*c(eCO2fit$par[5],1-eCO2fit$par[5]),
In=0)
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fitCumm=getAccumulatedRelease(fitmod)
#Use AIC to evaluate which model is the best fit (should be lowest AIC)
npars=length(eCO2fit$par)
AIC_2pf=(2*npars)-2*log(eCO2fit$ms) # 1) 12.45
AICc_2pf =AIC_2pf+(((2*npars^2)+2*npars)/(length(CO2flux[,1])-npars-1)) # 1) 16.20
#Plot the results
plot(CO2flux[,1:2],type="p",xlab="Days",
ylab="Cummulative respiration (mg C g-1 soil)")
lines(rowSums(fitCumm))
fitCumm2 <- rowSums(fitCumm)
###two pool series model####
eCO2func=function(pars){
mod=TwopSeriesModel(
t=days,
ks=pars[1:2],
a21=pars[3]*pars[1],
C0=Ctotal*c(pars[4],1-pars[4]),
In=0,
pass=TRUE
)
AccR=getAccumulatedRelease(mod)
return(data.frame(time=days,cummCO2=rowSums(AccR)))
}
inipars=c(k1=0.5,k2=0.05,alpha21=0.5,gamma=0.5)
eCO2fit=modFit(f=eCO2cost,p=inipars,method="Nelder-Mead",
upper=c(Inf,Inf,1,1),lower=c(0,0,0,0))
options(scipen = 999)
eCO2fit$par
#Run the model again with best parameter set
fitmod=TwopSeriesModel(t=days, ks=eCO2fit$par[1:2],
a21=eCO2fit$par[3]*eCO2fit$par[1],
C0=Ctotal*c(eCO2fit$par[4],1-eCO2fit$par[4]),
In=0)
fitCumm=getAccumulatedRelease(fitmod)
npars=length(eCO2fit$par)
AIC_2ps=(2*npars)-2*log(eCO2fit$ms) #1) 10.48
AICc_2ps=AIC_2ps+(((2*npars^2)+2*npars)/(length(CO2flux[,1])-npars-1)) #1) 12.83
#Plot the results
plot(CO2flux[,1:2],type="p",xlab="Days",
ylab="Cummulative respiration (mg C g-1 soil)")
lines(rowSums(fitCumm))
fitCumm3 <- rowSums(fitCumm)
###two pool parallel model####
eCO2func=function(pars){
mod=TwopParallelModel(
t=days,
ks=pars[1:2],
gam=pars[3],
C0=Ctotal*c(pars[3],1-pars[3]),
In=0,
pass=TRUE
)
AccR=getAccumulatedRelease(mod)
return(data.frame(time=days,cummCO2=rowSums(AccR)))
}
inipars=c(k1=0.005,k2=0.000000005,gamma=0.08) #for deeper depths, need different starting values
eCO2fit=modFit(f=eCO2cost,p=inipars,method="Nelder-Mead",
upper=c(Inf,Inf,1),lower=c(0,0,0))
eCO2fit$par
npars=length(eCO2fit$par)
AIC_2pp=(2*npars)-2*log(eCO2fit$ms) # 1) 11.60
AICc_2pp=AIC_2pp+(((2*npars^2)+2*npars)/(length(CO2flux[,1])-npars-1)) # 1) 12.94
#Plot the results
plot(CO2flux[,1:2],type="p",xlab="Days",
ylab="Cummulative respiration (mg C g-1 soil)")
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lines(rowSums(fitCumm))
fitCumm4 <- rowSums(fitCumm)
# PLOTTING
# png('2pp_1.png')
# plot(CO2flux[,1:2],
# type="p",
# xlab="Days",
# ylab="Cummulative Carbon Respired [mg]",
# main = 'Two Pool Parallel Model Fit of (8.5 mm CS) Respired Carbon Data') +
# lines(fitCumm4, col = 'orange', lwd = '2')
# dev.off()
## AIC
AIC_tot <- data.frame(c(AIC_2pf, AIC_2ps, AIC_2pp), c(AICc_2pf, AICc_2ps, AICc_2pp))

colnames(AIC_tot) <- c('AIC', 'AICc')
rownames(AIC_tot) <- c('2pf', '2ps', '2pp')
write.csv(AIC_tot, file = 'AIC_tot.csv')
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Appendix B – Elemental Analyzer Data
Carbon

Nitrogen

C:N

Sample
ID

Wt.
Sample
Used, mg

.5 CS 1

3.811

10604

1.663

43.64

52

0.017

0.44

05/13/202 99.181818
1
18

.5 CS 2

2.469

7124

1.098

44.48

37

0.011

0.43

05/13/202 103.44186
1
05

.5 CS 3

3.268

8971

1.396

42.71

55

0.018

0.55

05/13/202 77.654545
1
45

0.019

05/13/202 80.166666
0.54
1
67
05/13/202 108.26829
0.41
1
27

.5 CS 4

3.514

Peak
Area

9740

Calculate Measured
d mg C
%C

1.521

43.29

Peak
Area

Calculate Measured Analysis C:N Mass
d mg N
%N
Date
Ratio

58

8.5 CS 1

2.35

6780

1.043

44.39

34

0.01

8.5 CS 2

3.117

8946

1.392

44.64

32

0.009

0.28

05/13/202 159.42857
1
14

8.5 CS 3

2.852

8164

1.265

44.36

33

0.009

0.31

05/13/202 143.09677
1
42

8.5 CS 4

3.169

9023

1.404

44.31

36

0.01

0.33

05/13/202 134.27272
1
73

8.5 CS 5

3.447

9940

1.554

45.08

40

0.012

05/13/202
0.35
1

128.8

MEAN

44.1

0.404

114.92

VARIAN
CE

0.49

0.0083

706.92

STDEV

0.74

0.096

28.2

T TEST

0.0626

0.0085

0.0042

0.25

0.032

9.4

STD
ERR
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